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Image Sentence Matching Model Based on Semantic Implication Relation

KE Chuan, LI Wen-Bo, WANG Mei-Ling, LI Zi
(Institute of Software, Chinese Academy of Sciences, Beijing 100190, China)

Abstract: In this paper, we propose a model called IRMatch for matching images and sentences based on implication
relation to solve the nonequivalent semantics matching problem between images and sentences. The IRMatch model first
maps images and sentences to a common semantic space respectively by using convolutional neural networks, and then
mines implication relations between images and sentences with a learning algorithm by introducing méxiﬂ’l_um soft margin
strategies, which strengthens the proximity of locations of related images and sentences in the common semantic space
and improves the reasonability of matching scores between images and senten&es. Based on the IRMatch model, we
realize approaches of bidirectional image and sentence retrieval, and compare them with-approaches using existing models
for matching images and sentences on datasets Flickr8k, Flickr30k ,.ahd Microsoft COCO. Experimental results show that
our retrieval approaches perform better in terms of R@1, R@5, R@10 and Med r on the three datasets.

Key words: nonequivalent match between images and sentences; implication relation; maximum margin learning;

bidirectional image and sentence retrieval; convolutional neural network
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Random Ranking 0.1 0.6 1.1 631 0.1 0.5 1.0 500
DeViSe™! 45 18.1 29.2 26 6.7 21.9 327 25
SDT-RNN!' 9.6 29.8 41.1 16 8.9 29.8 41.1 16
MNLM?” 14.8 39.2 50.9 10 11.8 34.0 46.3 13
MNLM-vgg?” 23.0 50.7 62.9 5 16.8 42.0 56.5 8
m-RNNP 18.4 40.2 50.9 10 12.6 31.2 415 16
Deep Fragment!'"” 142 37.7 51.3 10 10.2 30.8 442 14
RVP(T)™ 11.9 25.0 47.7 12 12.8 32.9 4450 13
RVP(T+)*! 12.1 278 478 11 127 33.1 449 12.5
DVSA(DepTree)™”! 20.0 46.6 59.4 5.4 15.0 36.5 482 10.4
DVSA(BRNN)"** 222 482 61.4 48 L 152 “377 50.5 9.2
DCCA! 16.7 39.3 52.9 8 ! 12.6 31.0 43.0 15
NICH! 17.0 * 56.0 " 17.0 * 57.0
LRCNP * * * * 17.5 40.3 50.8
RTP(joint training)"”! 31.0 586 = 679 * 22.0 50.7 62.0
RTP(SAE)" 367 & 619 73.6 * 254 55.2 68.6 *
RTP(wighted distance)!'”! 37.4 63.1 74.3 * 26.0 56.0 69.3 *
FV(Mean Vec)l'? * 24.8 52.5 64.3 5 20.5 46.3 59.3 6.8
FV(GMM)" 33.0 60.7 71.9 3 23.9 51.6 64.9 5
FV(LMM)" 325 59.9 715 32 23.6 512 64.4 5
FV(HGLMM)" 34.4 61.0 723 3 24.4 52.1 65.6 5
FV(GMM+HGLMM)!"” 35.0 62.0 73.8 3 25.0 527 60 5
m-CNN(ENS)™ 33.6 64.1 749 3 26.2 56.3 69.6 4
TRMatchH 40.0 66.6 715 2 29.9 61.1 73.0 3
TRMatchS 38.7 67.4 79.0 3 29.7 61.0 727 3
\
F 4 Microsoft COCO Huift e b SO0k % e s it \ B
HRR R . BRfE
R@I R@5 R@10 Med r R@1 | R@5 R@10 Med r
Random Ranking 0.1 0.6 1.1 631 01 0.5 1.0 500
m-RNN-vgg® 41.0 73.0 83.5 2 % 29.0 422 77.0 3
DVSAP 38.4 69.9 80.5 - 27.4 60.2 74.8 3
STV (uni-skip)"" 30.6 64.5 79.8 3 2.7 56.4 71.7 4
STV(bi-skip)""! 327 673 796 3 242 57.1 732 4
STV(cmbi-skip)"" 838 & %617 82.1 3 25.9 60.0 73.6 4
FV(Mean Vec)!'? 332 61.8 75.1 3 2422 56.4 72.4 4
FV(GMM)'T - & 39.0 67.0 80.3 3 2422 59.2 76.0 4
FV(LMM)"? 38.6 67.8 79.8 3 24.9 58.8 76.5 4
FV(HGLMM)"? 37.7 66.6 79.1 3 24.9 58.8 76.5 4
FV(GMM+HGLMM)!"? 39.4 67.9 80.9 2 25.1 59.8 76.6 4
m-CNN(ENS)!" 42.8 73.1 84.1 2 326 68.6 82.8 3
ORDER-EMBEDDINGS"! 46.7 * 88.9 2 37.9 * 85.9 2
IRMatchH 46.8 793 89.0 2 37.76 735 86.1 2
IRMatchS 483 79.7 89.4 2 383 74.2 86.4 2
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